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I. INTRODUCTION
Colloidal nanoparticles have attracted intensive scientific interest in the past decades because they exhibit many interesting properties suitable for pharmaceutical, 1,2 electronic, 3, 4 and photonic [5] [6] [7] applications. Since nanoparticle properties and functionalities are primarily determined by parameters such as size, shape, composition, and surface properties, it is highly desirable to develop direct and scalable routes for fabricating colloidal particles with tunable and well-controlled properties.
Here, we model a promising technique named Flash NanoPrecipitation (FNP), [8] [9] [10] [11] where a polymer solution is rapidly mixed with an excess amount of a miscible non-solvent to induce aggregation into nanoparticles. Compared to other competing methods, e.g., templating, 12, 13 particle lithography, 14, 15 or Self-Organized Precipitation (SORP), [16] [17] [18] [19] FNP stands out as a one-step continuous process that operates at room temperature, consumes little energy, and has potential to scale up. In addition, it has also been demonstrated both by experiments and by simulations that it is able to access a wide range of structures, including Janus, core-shell, 20, 21 patchy, [22] [23] [24] and concentric lamellar, 25 using different feed materials, with reliable control over particle size, morphology, and composition. This process can make use of electroneutral polymers with no external stabilizing agents. In this case, the stability of the hydrophobic particles arises from a constant negative ζ-potential between −30 and −40 mV, which was determined from electrophoretic light scattering a) Electronic addresses: anikouba@uni-mainz.de and azp@princeton.edu measurements for the precipitated nanoparticles, 11 and this value is independent of the particle size and polymer chemistry.
Despite the above-mentioned studies aiming to understand and realize the potential of the FNP technique, the underlying microscopic mechanisms are still elusive, as the FNP process takes place on nanometer length scales and nano-to millisecond time scales, which makes the experimental study of the detailed aggregation mechanism difficult. Furthermore, it is an expensive and time-consuming task to systematically search and screen in the experiments all relevant process parameters, such as feed concentration, flow rate, molecular properties, etc.
Computer simulations can provide considerably more microscopic level information than experiments and are therefore efficient tools in the study of complex mechanisms and morphologies. Indeed, the molecular dynamics (MD) model we developed previously 11, 20, 24, 25 has proven to be useful in morphology predictions and producing trends in qualitative agreement with the experiments. Due to computational limitations, however, these MD simulations probed nanoparticles at least 10 times smaller and accessed mixing time scales in the order of a few µs compared to ms employed in the experiments. 11 This gap in length-and time scales prevents quantitative comparisons of experimental data to the MD simulations.
In the present work, we develop a kinetic Monte Carlo (KMC) model, which makes use of the microscopic details obtained from MD simulations, to investigate nanoparticle formation in FNP up to macroscopic length-and time scales by solving stochastically the population balance equation. Other computational approaches capable of reaching experimental scales have also been reported for the study of the FNP process, such as solving the population balance equation using the method of moments within a computational fluid dynamics code. [26] [27] [28] [29] The novelty of the present work consists of the explicit incorporation of the charge stabilization mechanism into the aggregation kernel, which is a key element for studying, e.g., polymers with charged end groups. 10, 21 The effect of charge stabilization was not included in previous studies, as they either dealt with nanoparticles stabilized via amphiphilic block copolymers or assumed an aggregation efficiency of either zero or one. Furthermore, our approach allows us to carry out a detailed analysis of the aggregation dynamics and thus to make predictions for important properties relevant to the FNP system, such as the threshold mixing time, the characteristic aggregation time, and the nanoparticle stability from any given set of operating conditions.
The structure of this paper is as follows: we first introduce the simulation model and methods used in the present work in Sec. II. Next in Sec. III, we present our simulation results and focus on understanding the aggregation mechanism and explaining the dependence of nanoparticle size and distribution on processing parameters, such as polymer feed concentrations and characteristic mixing time scale. Finally, in Sec. IV, we summarize our results and comment on their implications on controlled particle production through the FNP process.
II. SIMULATION MODEL AND METHODS
Our simulation model consists of a combination of MD and KMC simulations. The microscopic model used in the MD simulations has already been discussed extensively elsewhere, 11 and therefore we concentrate in this manuscript only on aspects relevant for coupling to the KMC algorithm.
We adopted the KMC algorithm outlined by Gillespie, 30 which has been applied extensively in studying the kinetics of chemical reactions and aggregation processes. [31] [32] [33] [34] [35] The KMC simulations can be summarized in the following three major components: (1) an event, k, is chosen to occur so that its probability, For the systems of interest for the present work, we consider the relevant events to be particle aggregation due to Brownian diffusion. Nucleation and growth is not included in our description because the aggregation process has been shown experimentally to be growth-controlled. 10 Particle breakage is also assumed to be negligible. In addition, turbulent shear can cause particles to collide and aggregate. Using the turbulent shear kernel outlined by Saffman and Turner, 36 its magnitude only becomes comparable to that of Brownian aggregation for a 300 nm. For the range of particle sizes studied in this work, the effect of turbulent shear is thus negligible and therefore has not been considered. The rate constant for Brownian aggregation between particle i and particle j, K i,j , can be calculated as follows: 37
where a i and a j are the radii and D i and D j are the diffusion coefficients of particles i and j, respectively. W is the Fuchs stability ratio which takes into account inter-particle interactions, 38
where U is the total energy of interaction and r is the center-tocenter distance between the two particles. W = 1 when every collision leads to an aggregation event.
It should be noted that the following assumptions were made with the use of the rate constant in Eq. The state of the KMC system changes after every event, and K i,j needs to be calculated and updated accordingly. To solve for K i,j in Eq. (1), we derived a, D, and W from MD simulations. Since the rate constant, K i,j , is derived from MD simulations, the characteristic energy-(ε), length-(σ) and time scales (τ) of the KMC simulations in real units are identical to those of the MD simulations, i.e., ε = 4.11 × 10 −21 J, σ = 1.5 nm, and τ = 0.28 ns. 11 The radius of particle i, a i , can be estimated using
where c = 1.3 from our previous study 11 and R g,i is the radius of gyration of the particle. σ/2 is the radius of a single bead in the coarse-grained bead-spring MD model used to describe the polymer chains (σ/2 = 0.75 nm). N i is the number of chains which belong to particle i, and N b is the number of beads in a single chain. ν is the Flory exponent, which depends on solvent conditions. For the polystyrene chains with a molecular weight of 16.5 kg/mol studied in the experiments, 11, 22, 23 Here, λ is a dimensionless solvent quality parameter in our MD model, which represents the transition from good solvent (λ = 0) to poor solvent conditions (λ = 0.5). The diffusion coefficient of particle i, D i , can also be calculated from MD simulations. From Fig. 1 , it can be seen that the diffusion coefficient of a single polymer chain, D 1 , in different solvent conditions shows good agreement with the Stokes-Einstein relation. Therefore, the diffusion coefficient of particle i can be approximated by
where k B is the Boltzmann constant, T is the temperature, and η s is the dynamic viscosity of the solvent.
Having obtained Eqs. (3) and (4), we now discuss the interaction potentials between the particles, required for calculating, W, in Eq. (2), which will then allow us to obtain the rate constant, K i,j , between any given pair of particles. Here, we consider that U is the sum of the van der Waals attraction, U A , the depletion interaction, U D , and the electrostatic repulsion, U R .
In our MD model, the polymer chains consist of LennardJones (LJ) particles that are tethered through massless springs. To reproduce the attractive LJ interaction between the precipitated particles in KMC simulations, we represented U A as follows: 39
where H is the Hamaker constant and H = 4επ 2 = 1.6 × 10 −19 J, where 4ε is from the coefficient of the LJ interaction and π 2 arises from integrating all the monomer-monomer interactions over the volumes of the interacting particles. From our MD model, ε = k B T room = 4.11 × 10 −21 J, since the experiments were performed at room temperature T room = 298 K. Values of H calculated for polystyrene in water depend on the methods used and typically lie between 10 −20 and 10 −19 J. 40 For our system, we found that the radius of the precipitated nanoparticles, a, is not strongly influenced by the magnitude of H (Fig. S1 in the supplementary material), and a decreased by approximately 10 nm for a 40-fold decrease in H over a broad range of mixing times, while the qualitative behavior remained the same. We have thus used the value of H directly derived from the LJ interaction in all our simulations to be consistent with our MD model. The implication of using this slightly higher H on quantitative comparisons with experiments will be discussed later. U D between two spherical particles i and j was approximated by the Asakura-Oosawa model, 41 
where a p is the mean radius of particles i and j and a s is the radius of solvent particles (a s = 0.75 nm in our MD model). P is the osmotic pressure, and P = ρ s k B T, where ρ s is the number density of solvent particles and ρ s = 0.2 nm −3 from our MD model. The third component of U is the screened electrostatic repulsion U R . We adopted the Yukawa potential 42 used in our MD model
where λ B is the Bjerrum length and κ is the inverse Debye screening length, λ D . For water with pH = 7 at room temperature, we used λ B = 0.7 nm and λ D = 0.15 µm. The parameter Z i denotes the size-dependent charge of particle i, which can be estimated using Gauss's law for a spherically symmetric environment within linear-screening theory and at low particle concentrations,
where ζ is the zeta potential, and ζ ≈ −30 to −40 mV from experimental measurements using electrophoretic light scattering. For more details on obtaining the values of these parameters, we refer the reader to Ref. 11. The effect of solvent displacement was accounted for in our KMC simulations in the following two aspects. First, we varied parameters such as λ B , κ, and ζ between their values for good solvent conditions and poor solvent conditions linearly within a certain period of time, τ mix . This procedure mimics the effect of increasing surface potential when the polymer solution in the good solvent is rapidly mixed with water. A larger τ mix corresponds to slower mixing in the experiments and vice versa. It should be noted that in the experiments, the mixing time scale is controlled by the flow rates of the inlet streams. The micromixing time of the multi-inlet vortex mixer used in the experiments has been studied using competitive reactions, and it was found to be in the range of milliseconds for the Reynolds number larger than 1600. 8, 9 This quantity is the characteristic time scale for molecular diffusion across fluid lamellae during mixing. Note, however, that the mixing time in our simulations has a slightly different physical
meaning: here, τ mix can be understood as the time before the surrounding non-solvent to solvent ratio has reached its final value in the non-solvent reservoir and surface charge is fully built up. Therefore, τ mix cannot be compared directly to the experimentally measured quantity in Refs. 8 and 9. However, τ mix studied in our simulations still reflects the rate of mixing in the experiments and can provide useful insights into aggregation dynamics and the characteristic aggregation time required to obtain nanoparticles of a certain size as will be shown in Sec. III.
Second, the effect of solvent quality should also be reflected in the effective inter-particle interaction, U. For example, in Θ conditions, which occur at approximately λ = 0.05 for our model, the LJ interaction between monomers is identical to the monomer-solvent interaction, and the chains are effectively inert to one another. We have studied polymer chain aggregation using MD simulations for different λ values, and the average particle size, a, vs. time, t, is shown in Fig. 2 . It can be seen that for λ ≤ 0.08, no aggregation occurred despite the presence of van der Waals attraction between polymer chains. The aggregation rate then increased gradually for increasing λ until it reached its full value for λ ≥ 0.18. To account for this solvent effect in our KMC model, we modified the aggregation rate constant, K i,j , by a prefactor, f, so that f = 0 for λ ≤ 0.08, and f = 1 for λ ≥ 0.18. In the intermediate region for 0.08 < λ < 0.18, f increases linearly from 0 to 1. This modification of the KMC aggregation rate constant produced good agreement with MD simulations as shown by the comparison shown in Fig. 2 .
III. RESULTS
We first verified our KMC model by comparing aggregation dynamics from KMC with results from MD. In Fig. 3 , we plot the time evolution of the average particle radius, a, for polymer feed concentration, Φ = 8.2 mg/mL and different τ mix and ζ values in panels (a) and (b), respectively. Good agreement between KMC and MD results can be seen in all cases, except for small τ mix value of 7 µs [dotted line in Fig. 3(a) ]. This discrepancy arises from the stability ratio, W, which assumes that particles approach each other from infinity with zero interaction. However, for large Φ and small τ mix , high surface charge is fully built up when there are still many small particles in the system and particles do not approach each other from zero interaction due to the long-ranged nature of the electrostatic repulsion. A correction to W was applied so that the integral in Eq. (2) was bounded between [a i + a j , l]. l is the mean free path between the particles and can be estimated as l ≈ ρ −1/3 p , where ρ p is the number density of the precipitated particles in the system. It can be seen that better agreement for τ mix = 7 µs was achieved as shown in Fig. 3(a) . However, such a correction to the KMC algorithm is only required for comparisons with the high Φ and small τ mix employed in our previous MD simulations. 11 By contrast, typical FNP experiments operate in the range of much smaller Φ (<1 mg/mL) and larger τ mix (>100 µs). It can be seen from Fig. 3 that in this case, the particle concentration of the system is low when surface charge is fully built up and the assumption that particles approach each with zero interaction becomes valid. Having verified the agreement of the KMC model with our previous MD simulations, we first studied the aggregation mechanism by plotting nanoparticle radius, a, vs. t for τ mix = 14 ms and ζ = −33 mV and different polymer feed concentrations in Fig. 4 . To describe the time evolution of a at short times, we consider the diffusion limited aggregation (DLA) dynamics. 43 The DLA model gives the change in the average aggregation number, N, with respect to time, t, according to
where Φ is the initial concentration. K DLA is the rate kernel from the DLA approximation, and
where a 1 and D 1 are the radius and diffusion coefficient of a single polymer chain defined by Eqs. (3) and (4), respectively. Equation (10) assumes W = 1, and the rate kernel for aggregation is independent of particle size. It is a good approximation for aggregation between particle i and j when 1 < m i /m j < 2, where m i and m j are the masses of particles i and j, respectively. To compare our KMC results to DLA approximation, we fit the data in Fig. 4 using the relationship a = (At + B) 1/3 , since a ∝ N 1/3 for spherical close-packed particles. It can be seen that at short times before mixing is complete, the time evolution of a can be well described by DLA. The reason is twofold. First, there is a large number of similarly sized particles in the early stage of aggregation, and the condition 1 < m i /m j < 2 can be satisfied for most of the aggregation events that take place. Therefore, the (a i + a j )(D i + D j ) term in Eq. (1) is approximately constant. Second, at the early stage of aggregation when the electrostatic repulsion is still small, W is also close to 1. The dynamics can thus be approximated by a constant K i,j and fitted through the relationship a = (At + B) 1/3 .
When we plot A vs. Φ in Fig. 5 ; the data can be fitted through a relationship A ∝ Φ b , where b = 0.98 ± 0.02. This scaling relationship is in good agreement with predictions from DLA, i.e., A ∝ Φ. However, as shown in Fig. 5 , the values of A calculated from DLA are slightly smaller than the fitted values because at the early stage of aggregation when the electrostatic repulsion is small, W is dominated by attractive potentials, i.e., U A and U D , and W is smaller than 1. Aggregation is thus slightly faster than DLA predictions, which assume W = 1.
As mixing proceeds and surface charge builds up on the precipitated nanoparticles, aggregation enters a slow-growth regime and deviates from the DLA approximation. In Fig. 6,   FIG. 6 . Average nanoparticle radius, a, vs. time, t, for (a) 0.018 mg/mL and (b) 8.2 mg/mL for different τ mix . The ζ-potential is −33 mV. Growth curves for τ mix > 14 ms are not shown in (b) for clarity because they lead to much larger a values.
a is plotted against t up to macroscopic time scales for two different Φ values. It can be seen that small nanoparticles are less stable after mixing is complete and they continue to grow at a slower rate and gradually converge on a much larger time scale. To understand the convergence, we consider the rate of aggregation. Unlike the rate of aggregation in the DLA regime [Eq. (9)], which is directly proportional to Φ as K DLA is constant, the rate of aggregation in the slow growth regime is largely determined by the magnitude of W. Smaller particles as a result of smaller τ mix or Φ experience a weaker electrostatic repulsion, which leads to a smaller W and higher rate constant, and vice versa. Therefore, growth curves for different τ mix and Φ in Fig. 6 eventually converge to a similar value of a when they are allowed to evolve in the slow growth regime for a sufficiently long time. By contrast, larger particles are more strongly stabilized by charge, and their growth is less appreciable on macroscopic time scales up to 10 8 s. This observation is consistent with experimental measurements, which indicate a 10% to 15% increase in radius for nanoparticles obtained from FNP with a > 50 nm after one month. 44 From Fig. 6 , it can be seen that for any chosen cut-off time, t f , growth curves of a below a threshold τ mix value converge. We thus define the threshold τ mix as τ thr . We are interested in τ thr because for τ mix ≤ τ thr , a calculated at t f is independent of τ mix . Experimentally, this finding suggests that there exists a threshold mixing rate, and any further increase in this rate does not produce smaller nanoparticles. It is evident that τ thr depends on the t f value chosen. For larger t f , more growth curves converge within the given time, which means larger τ thr . Furthermore, it can be seen from Fig. 6 that larger Φ leads to smaller τ thr . This is because larger Φ results in higher aggregation rate in the DLA regime and larger difference in a for different τ mix values at the start of the slow growth regime. Fewer growth curves thus converge within the given time.
To understand the dependence of τ thr on different parameters, we plot τ thr for two different t f values in Fig. 7 . As expected, τ thr increases with decreasing Φ and increasing t f . On the other hand, τ thr can also be predicted from the DLA model. It can be seen from there is a minimum a, a thr , that cannot be undercut by further decrease in τ mix . τ thr is thus the characteristic growth time in the DLA regime to form a particle of radius a thr . Using the fitted parameters A and B we obtained previously, we plot predictions from the DLA approximation in Fig. 7 , and they show good agreement with τ thr obtained from performing multiple KMC simulations for different τ mix values.
Having understood the aggregation dynamics, we then performed KMC simulations for more τ mix and Φ values, and results are shown in Fig. 8(a) . Values of a were calculated at a "final" time, t f , arbitrarily set to 10 4 s. The choice of t f affects the minimum nanoparticle radius, a thr . However, it does not affect significantly a for τ mix > τ thr , since larger τ mix leads to larger a, which is stabilized up to 10 8 s as shown in Fig. 6 .
Several features of the aggregation process can be observed from Fig. 8. (a) Nanoparticle radius, a, increases with τ mix because the particles stay longer in the DLA growth regime before charge builds up and slows down growth significantly. (b) a increases with Φ for a given τ mix above its corresponding τ thr because a is dictated by growth in the DLA regime for τ mix > τ thr . As shown in Eq. (9), larger Φ leads to larger particles in this regime. (c) Below τ thr , the initial concentration, Φ, has little effect on the final a because the t f chosen, i.e., 10 4 s, is much larger than τ mix . In other words, particles stay much longer in the slow growth regime than in the DLA regime. The initial difference in size as a result of different Φ in the DLA regime becomes insignificant and particles eventually converge to a similar size. These trends are in qualitative agreement with previous studies on the self-assembly of amphiphilic block copolymers using FNP, 45 which also involves fast unimer addition, followed by a much slower aggregate fusion process due to the formation of coronas of overlapping soluble brushes.
In addition, if a is plotted against τ mix reduced by its corresponding τ thr in Fig. 8(b) , all data collapse onto the same master curve. For τ mix /τ thr > 1, the data can be fitted through a relationship a ∝ (τ mix /τ thr ) c , where c = 0.3 ± 0.02. The scaling relationship can be explained by the DLA growth model, which predicts a ∝ t 1/3 for spherical close-packed particles.
Finally, we compare the dependence of a on Φ from KMC simulations to experimental measurements. A multi-inlet vortex mixer was used for the experiments, which contained four inlet ports controlled by digital syringe pumps and a single effluent stream. Mixing was performed at a rate which led to a Reynolds number of approximately 2200. More details on the experiments can be found in Ref. 11. In Fig. 9 , it can be seen that results from simulations obtained for τ mix = 850 ms and ζ = −33 mV are in quantitative agreement with those from the experiments 11 and a increases with Φ according to a relationship a ∝ Φ 1/3 . Therefore, our KMC model deduced that for the particle sizes obtained in the experiments, the characteristic growth time is approximately 850 ms, which can also be interpreted as the time it takes for the non-solvent to solvent ratio to reach its final value in the non-solvent reservoir in the experiments. However, since the Hamaker constant used in our simulations is at the upper end of the range of values calculated for the experimental system, the actual characteristic growth time can be higher than 850 ms. The lowest Hamaker constant reported for polystyrene in water is approximately 10 −20 J, 40 which, according to our KMC approach, leads to an upper limit for the characteristic growth time of approximately 1 s. This 18% increase in time as a result of a more than 10 times decrease in H shows that the size of the precipitated nanoparticles is not strongly influenced by the value of the Hamaker constant used in our simulations. It has been previously estimated in the experiments that, for systems of hydrophobic core material and amphiphilic block copolymer, the FNP mixer can achieve homogenous mixing on the order 1.5-3 ms. 8 Subsequent assembly of the supersaturated core material and hydrophobic block of the copolymer follows diffusion-limited aggregation, and characteristic particle formation time occurs on the order of 10-100 ms. 45, 46 However, nanoparticles obtained from homopolymers undergoing FNP, which are stabilized by a constant ζ-potential have not been studied previously. Our KMC simulations provide insights into the characteristic time scale of this process. Figure 10 shows the size distribution of the precipitated nanoparticles for ζ = −33 ms, τ mix = 850 ms, and Φ = 0.018 and 0.067 mg/mL. Results from KMC can be fitted through Gaussian distributions, with standard deviations of approximately 15%, which are also in good agreement with experimental measurements. 11
IV. CONCLUSIONS
In summary, we have developed a multi-scale model, which combines both MD and KMC simulations and allows us to simulate the formation of charge-stabilized polymeric nanoparticles through rapid solvent exchange up to macroscopic length-and time scales. This model is derived based on microscopic details from MD simulations and produces results which are in quantitative agreement with experiments.
Based on the results from our simulations, we were able to elucidate the aggregation mechanism, consisting of a fast growth regime when the surface charge is still small, which can be approximated by the DLA mechanism, and a slow growth regime when the surface charge is fully built-up. For slow mixing, nanoparticles stay longer in the DLA regime and are mostly stabilized in the subsequent slow growth regime. Therefore, nanoparticle size can be predicted from the DLA approximation. On the other hand, for fast mixing, growth in the DLA regime is small. Nanoparticle sizes are thus dictated by the slow growth regime, and they eventually converge over macroscopic time scale; i.e., size is independent of the mixing rate and feed concentration. From our simulations, we have also derived and explained the dependence of nanoparticle size on processing parameters, e.g., polymer feed concentration and characteristic mixing time scale. This knowledge demonstrates that the rapid mixing of a polymer solution with a non-solvent through FNP produces uniformly sized nanoparticles with reliable control. Together with our previous MD studies, 20, 24, 25 our results allow us to predict the range of operating conditions required to obtain nanoparticles of a certain size and morphology and thus provide useful guidelines for fabricating nanoparticles with desired properties for applications in various areas.
SUPPLEMENTARY MATERIAL
See supplementary material for the dependence of nanoparticle radius on the Hamaker constant.
